Abstract
Introduction
Seasonal forecasts are expected to capacitate the farming community to adapt during periods of climate stress and variability given the effective dissemination and use of the information (Klopper et al., 2006) . The application of these forecasts in Agriculture have been promoted during the past few years with promising user responses in several countries including Australia (Hayman et al., 2007) and South and southern Africa (Klopper, 1999 , O'Brien and Vogel, 2003 ,Vogel and O'Brien, 2006 . However, factors limiting the usefulness of forecasts include poor dissemination of information, poor communication between key role players in agriculture and producers of long range forecasts as well as difficulty in interpreting seasonal forecast information not necessarily packaged into an understandable format for the end user (Archer, 2003 , Vogel and O'Brien, 2006 , Ziervogel, 2004 . A need therefore arises for presenting seasonal forecast information for agriculture as the probabilistic forecast of agricultural crop yield, updated through a growing season, having the potential to benefit a range of decision makers in climate risk management interventions .
Current seasonal forecast models rely on the modelling of global teleconnections in response to large scale phenomena, one of which is the El Niño Southern Oscillation (ENSO - Diaz et al., 2001) , with well-documented climate response over subtropical regions including southern Africa (e,g, Dilley and Heyman, 1995) and implications for maize yields in South Africa (e.g. Cane et al., 1994 , Moeletsi et al., 2011 . Early applications for agriculture in this regard focussed purely on the climate response to ENSO to predict possible rainfall outcomes for a season and, with sufficient lead time, recommend strategies for fertilizer application and planting density accordingly. This approach has yielded positive results over areas where a strong ENSO influence has been reported such as the wheat belt over eastern Australia (Hammer et al., 1996) , South Africa and Zimbabwe (Martin et al., 2000 , de Jager et al., 1998 and is still being considered as useful information to be taken into account before planting in southern Africa (Zinyengere et al., 2011) , Australia (Anwar et al., 2008; Everingham et al., 2008) and with application also in the USA (Cabrera et al., 2007) . As 3 South African summer rainfall is influenced, in addition to ENSO teleconnections, by other atmospheric circulation phenomena such as the Southern Annular Mode (Gillet, 2006) which is sensitive to more external forcing than only ENSO (Arblaster and Meehl, 2005) . The exclusive use of ENSO as indicator for expected seasonal rainfall can present challenges.
Anomalously wet conditions over large parts of the South African summer rainfall area during recent El Niño events such as during the 1997/98 and the 2009/10 summers substantiate the need to consider more than only the ENSO signal in explaining southern African summer rainfall variability.
In addition to focussing exclusively on the ENSO, advances in forecast skill demonstrated by Global Coupled Models (GCMs) could have potential benefits. GCMs have recently demonstrated the potential for useful application of their output towards forecasting the rainfall expected during a growing season with sufficient lead time for agricultural decision making for dryland agriculture in sub-humid and semi-arid regions such as northern Italy (Marletto et al., 2007) , the wheat producing areas in Australia (Hansen et al., 2004 , Asseng et al., 2012 , Kenya (Hansen et al., 2009) and South Africa (Bezuidenhout and Schulze, 2006) .
The non-existence of crop yield data sometimes necessitates the use of crop growth models to simulate historical yield data (Roudier et al., 2012 , Anwar et al., 2008 , Hansen et al., 2009 , Marletto et al., 2007 in order to develop and test a seasonal forecast model. Crop simulation models such as DSSAT (Decision Support System for Agrotechnology Transfer), and APSIM (McCown et al., 1995) are used to create such datasets. The gap in temporal and spatial resolution between climate data from statistical forecasts or GCM simulations and that used in crop simulation input models however necessitates the reference to so-called analogue years based on similarity to the current expected season (de Jager et al., 1998) , application of stochastic weather generators (Semenov and Doblas-Reyes, 2007, Ines et al., 2011) or ensemble reordering of historical data (Ghile and Schulze, 2009 ). An alternative is to use historical yield data if available. Since technological advances and improvement in fertilizers and cultivars used are responsible for long-term trends in historical time series unrelated to climate variability, such data cannot be used in an original format. Trends are therefore removed by subtracting from the time series a low order mathematical model fitted to the time series (e.g. Hansen, 2004 , Peiris et al., 2008 .
South Africa is a net exporter of maize, the most important agricultural commodity produced for domestic consumption in the country. Crop cultivation (commercial, subsistence) is a land use that covers about 12% of the surface area of South Africa (Fairbanks et al., 2001) .
Commercial dryland cultivation of maize is by far the most prominent crop cultivation Over the Limpopo Province there is also a greater proportion of irrigation as opposed to dryland cultivation relative to the other two provinces mentioned. The proportion of dryland cultivation decreases towards the northeast over this region due to increased unreliability of rainfall. The semi-arid nature of this region (Acocks, 1975 , Peel et al., 2007 , Mzezewa et al., 2010 ) makes inter-annual variability of rainfall a key aspect determining the success of agriculture similar to the situation in other semi-arid tropical regions of the world 5 (Sivakumar, 1998) as water availability is a limiting factor for crop production. Concurrently, the management of water is one of the most crucial aspects of planning and risk assessments strategies in this region. From this perspective, the prediction of water resources is of great importance for irrigation fed crops. The statistical relationship between ENSO and streamflow in Southern Africa increases the potential for streamflow forecasting based partly on this association (Chiew and McMahon 2002) . A strong relationship between streamflow and atmospheric variability over this area of South Africa in particular for the austral midsummer season was demonstrated (Landman et al., 2001 ) using the perfect prognosis technique (Wilks, 2011) applied to GCM atmospheric variables.
The high skill demonstrated over northeastern South Africa in forecasting the seasonal rainfall for Austral mid-summer (DJF) by November and accumulated streamflow (Landman et el., 2009) 
through Model Output
Statistics (MOS; Wilks, 2011) creates the opportunity for seasonal forecasts to be considered in agriculture during the decision making process relating to planting and other management strategies early in the growing season based on expected rainfall and subsequent potential yield and streamflow estimates. The timing of the forecast in November relative to the planting window for maize over these northeastern parts of South Africa (Dupisani, 1987 , Sacks et al., 2010 renders this forecast useful. Rainfall during the DJF period over the region is of cardinal importance for the maize crop as it covers the period of tasseling and grain fill.
In this paper we investigate the ability of a GCM to forecast an approximation of potential yield and streamflow by considering hindcasts of atmospheric circulation patterns for DJF made in November, downscaled to surface parameters, over a period of approximately three decades.
Data and Methodology
The area of interest (AOI) for this study is situated over the north-eastern interior of South Africa (Figure 1 ). Apart from high seasonal rainfall prediction skill during the austral midsummer, this area is also of particular interest in a joint project between South African and Japanese modellers through the Science and Technology Research Partnership for Sustainable Development (SATREPS). Since GCMs are performing well over this region, the assumption is made here that by skilfully modelling the climatic drivers (such as ENSO) responsible for describing the seasonal-to-interannual variability over the region, the models will also be able to provide forecast fields which can be used to predict variables strongly 6 associated with rainfall such as dry-land crops and streamflow. However, ENSO is not the only climatic driver over South Africa captured by the physical global models: In a recent paper a statistical model that used only equatorial Pacific Ocean SST as predictor was used to retro-actively predict DJF rainfall over southern Africa. The skill of the statistical model was compared with skill obtained with a multi-model system consisting of coupled models of the DEMETER project (Palmer et al., 2004) and with the direct coupled version of the ECHAM4.5-MOM3 (DeWitt, 2005) . The coupled models all outscored the statistical model, subsequently providing evidence that state-of-the-art physical models are superior to ENSO-based statistical models when predicting mid-summer rainfall over South Africa. Results obtained from the SINTEX-F system described here give a quantified example of the skill levels for crop yield and streamflow predictions achievable using a dynamical model plus MOS post-processing. We do not make a direct comparison with skill levels achievable from purely statistically based systems. However, as state-of-theart GCMs generally outperform statistical methods for DJF rainfall over the region we may expect, in general, that use of GCMs will provide more skilful predictions of crop yield and streamflow relative to purely statistical methods. Since the maize yields and streamflows over the region considered here are strong functions of rainfall during mid-summer, the same conclusion regarding which modelling system is preferred can be deduced for these derivatives of rainfall. Therefore, the prediction system discussed here is based on a physical global model only. Table 1 . The GCM data used in the study are from the archives of the Research Institute for Global Change (RIGC), formerly known as the Frontier Research Centre for Global Change of the Japan Agency for Marine-Earth Science and Technology (JAMSTEC). A number of studies has demonstrated the value of using 850 hPa geopotential height fields from global models to predict seasonal rainfall variability over southern Africa Landman and Goddard, 2002; ; these height fields represent the low-level circulation over the larger part of the interior of southern Africa which is on average about 1.5 km above mean sea level. Here the 850 hPa geopotential height hindcasts of the Scale Interaction Experiment-Frontier Research Centre for Global Change (FRCGC) coupled GCM (SINTEX-F) (Luo et al., 2005) 
Statistical downscaling using principal component regression:
Biases in global model rainfall over southern Africa have been shown to be minimised through statistical post-processing (Landman and Goddard, 2002; , and such processing also has as a result the production of forecast data directly applicable at a point of interest . Moreover, crop yields and streamflows are not Indian Oceans affecting southern African mid-summer rainfall variability (Tyson and Preston-Whyte, 2000) . Principal component analysis (PCA) aims to reduce the dimensionality of a data set and in this case the 5041 grid-points of the 850 hPa geopotential height fields over the area described above. PCR simply starts by applying PCA to the 9 predictor 850 hPa geopotential heights, thereby eliminating the possibility of multicollenearities in the model data and simplifying the regression calculations (Jolliffe, 2002) .
Here, the 850 hPa height field have been reduced to 3 principle component time series used in the PCR.
The MOS equations' ability to produce skilful hindcasts is tested over the 28-year period using cross-validation with a large 5-year-out design, which means that 2 years on either side of the predicted year are omitted in order to minimise the artificial inflation of skill.
Deterministic forecast skill is calculated for the 28-year cross-validation only by considering mean squared error skill scores and Kendall's tau (Wilks, 2011) . The former is a relative accuracy measure (skill score) and with persistence used here as the reference hindcasts, while the Kendall's Tau (not unduly influenced by possible outlying data) is an alternative to the conventional Pearson correlation and has the additional attribute of discrimination (Jolliffe and Stephenson, 2011) . In addition to cross-validation, the process of retro-active forecasting is applied over the 16-year period from 1995/96 to 2010/11 in order to produce a set of probabilistic downscaled hindcasts which are subsequently verified. A cross-validation 3-year-out design is used for the retro-active process, and the initial cross-validation period of 12 years (1983/84 to 1994/95) is progressively increased by 1 year at each downscaled hindcast step. Owing to the small ensemble size of 9 members, the hindcasts distributions may be poorly sampled and so their uncertainties have to be estimated. Probabilistic hindcasts for the 16 years are subsequently obtained from the error variance of the 3-year-out crossvalidated hindcasts using the ensemble mean (Troccoli et al., 2008 ). These hindcasts are tested for discrimination (to determine if the hindcasts are discernibly different given different outcomes -for example, is the forecast probability for a bumper harvest systematically higher when the event occurs than when it does not occur?) and for reliability (to determine if the confidence communicated in the hindcasts is appropriate -for example, the hindcasts are considered reliable if there is consistency between the hindcast probabilities for high or low crop yields and the observed relative frequencies of the observed crop yields). 
Results
The predictor field (SINTEX-F DJF 850 hPa geopotential heights) used in the PCR is decomposed into spatial loading fields ( Figure 2a ) and time series representing independent climate modes of variation (Figure 2b ). These modes emphasize the circulation patterns hindcasts for four main agricultural districts which are predominantly associated with dryland maize production. The years on the graphs are representing the years in which the crops were harvested. Take note of the hindcast for each of the four districts for the 1998 harvest year. All of them, except for Thabazimbi, show the hindcast for that year well below the average, which was a year during which the rainfall forecast for the DJF 1997/98 El Niño season was for dry conditions to occur over the larger part of SADC south of about 10° S . However, the rainfall forecast of an El
Niño related drought to occur was over-confident and rainfall over the larger part of the summer rainfall regions of South Africa was observed to be near the average. The resulting close-to-average crop yields for all four districts in 1998 can be seen in Figure 3 , even though the Thabazimbi hindcast was for an even bigger harvest. The discrepancy in the Thabazimbi forecast can be explained by the fact that the predictor time series, the principal component (PC) scores of the SINTEX-F 850 hPa geopotential height fields, are uniquely related to the cross-validated crop yield hindcasts as seen in Table 2 : While the sign of correlation values for all four districts is negative as expected considering the anomaly fields (Figure 2a) for for PC 2 and for PC 3 is positive (also as expected), while for Thabazimbi it is the opposite, and the score of PC 1 for Thabazimbi is the lowest. The authors feel that this apparent discrepancy needs further clarification. The reason for the strong negative correlation value with PC2 at Thabazimbi may lie in contamination of yield data with irrigated cultivation figures as the total yield from dryland cultivation can be expected to be smaller here than at the other districts considered rendering the estimated production figure more vulnerable to be 13 skewed by data from maize under irrigation. For example, the high yields during 2002/03 seems somewhat unrealistic, especially considering that the yields for that season was never again exceeded after that year, despite several subsequent seasons with above-normal rainfall.
It can also be argued that the negative use of PC 2 emphasises the detrimental effects on rainfall that tropical cyclone activity towards The verification results of the 16-year probabilistic retro-active hindcasts for maize yield are presented in Figure 5 and 6. The downscaled hindcasts show good discrimination for both the low-and high-yield cases, with ROC scores for both categories ~0.7. The hindcasts also present a good level of reliability, but high-yield cases occur less frequently than anticipated by the prediction system, since the hindcast probabilities are consistently higher than the observed relative frequencies (the weighted least squares regression line is always below the diagonal line of perfect reliability). For seasonal climate forecasts, the most common situation is indicated by the weighted regression line for below-normal yields (Troccoli, However, the low-yield cases are more "peaked" around 33% indicating that most of the hindcasts have probabilities close to the climate frequency -so hindcasts for this category are less sharp than those for the high-yield cases ( Figure 6 ).
The verification results presented thus far are mainly for rain-fed agricultural production.
Judging by both the deterministic and the probabilistic verification results, operational prediction of maize-yield can be skilfully attempted over north-eastern South Africa by using the technique presented here of downscaling the large-scale circulation of a global model to observed yields. This notion signifies progress towards the estimation of crops based on objective, verifiable predictions systems such as the one presented here. Notwithstanding, the presented prediction system produce hindcasts with reduced skill for districts where irrigation is practiced more widely (e.g. lower skill for the Limpopo province).The maize estimation for irrigated crops prior to the rainy season therefore cannot be served by the presented prediction system.
An alternative approach to help irrigation farmers with planning for a coming season could be one that predicts the seasonal flows within the drainage area from which they obtain their water supply for irrigation. The same predictor field (DJF 850 hPa geopotential heights produced by the SINTEX-F coupled model) is used to predict for the flows as measured at six flow-gauges within the Limpopo drainage area. The probabilistic hindcasts for streamflows, similarly produced and for the same period of 16 seasons as was done for the maize yields presented above, are also verified here in order to determine if an operational prediction system for streamflows is feasible. Figures 7 and 8 show probabilistic verification results of the streamflow hindcasts. ROC scores well above 0.5 are found here, suggesting, as in the case for maize yield, that the streamflow forecast system is able to discriminate low-level flows from the rest of the flows, as well as high-level flows from the rest of the flows (Figure 7) . However, the reliability shown in Figure 8 seems to be lower than for the maize yield case shown in Figure 6 . For low-level flows specifically (as opposed to low crop yields) the 16-year hindcasts are generally over-confident (Wilks, 2011) . The hindcast probabilities of the high-level flows are consistently lower than the observed relative frequencies, which indicate that high-level flows always occur more frequently than predicted by the forecast system. These verification results suggest that irrigation-based maize producers may benefit from using operational streamflow forecasts, but that they may be best advised to use such forecasts with caution owing to the low reliability shown here. Notwithstanding, the system should be able to supply forecast information with good high-flow discrimination that could improve on crop estimates for farmers using irrigation as a water source for optimising maize production.
Discussion and Conclusions
The use of a coupled ocean-atmosphere model's large-scale output to predict end-of-season maize yield and mid-summer seasonal streamflows over north-eastern South Africa was investigated. Re-forecasts or hindcasts of DJF 850 hPa geopotential height fields were statistically downscaled respectively to yields at four agricultural districts and to flows at six river flow-gauges. The main reason for this modelling study was to investigate the feasibility to construct operational forecast systems which are both objective and verifiable and can be used to help reduce the risk in agricultural decision-making. The forecast systems are objective since they consist of a regression-based approach which uses the three most dominant climatological modes of the coupled model's low-level circulation as predictors, all of which have a physical basis which is recognised as synoptic patterns likely to contribute to a robust description of the seasonal-to-interannual variability over southern Africa during the austral mid-summer. The systems are also verifiable since a set of downscaled hindcasts were created through a procedure that mimics a true operational forecasting environment.
Verification of the downscaled hindcasts shows that the prediction systems work well under certain conditions. For example, dry-land crops have a better chance of being predicted reliably than irrigation conditioned crops. Moreover, good discrimination is obtained for both crops and streamflow hindcasts, but often associated with over-confidence. High maize yields occur less frequently than predicted, and for streamflow, high flows occur more frequently than predicted. Notwithstanding the discrepancies identified in the forecast systems, these types of seasonal forecasts are generally lacking in South Africa, and so the provision of modestly skilful forecasts on a real-time operational basis, and even at the relatively short 1-month lead-time presented here, may benefit both dry-land and irrigation farmers, agricultural economists, seed companies, farming co-operations, to name but a few.
Notwithstanding the establishment of new regression-based technologies for objective crop prediction in South Africa, more sophisticated methods to model crops remain warranted.
The results presented here may also be considered as a baseline that needs to be outscored by more sophisticated approaches. Examples of such approaches include the use of physical crop models that assimilate output from global climate models on temporal and spatial scales reconcilable with their requirements (e.g. Le Roux, 2009) . These crop models can only perform well if the output from global model systems is skilfully representing reality.
Improvement and development of global forecasting systems over southern Africa has already been demonstrated through multi-model ensembles , ocean-atmosphere coupled models and the development of coupled model systems in South Africa (Beraki et al., 2011; Engelbrecht et al., 2010) . These global modelling systems should further enhance seasonal forecast skill over southern Africa and subsequently help improve empirically based systems such as those presented in this paper.
Implementing and using these objective and verifiable MOS models operationally will be a first for South Africa.
